Supplier selection is a typical multi-criteria decision making(MCDM) problem and lots of uncertain information exist inevitably. To address this issue, a new method was proposed based on interval data fusion. Our method follows the original way to generate classical basic probability assignment(BPA) determined by the distance among the evidences. However, the weights of criteria are kept as interval numbers to generate interval BPAs and do the fusion of interval BPAs. Finally, the order is ranked and the decision is made according to the obtained interval BPAs. In this paper, a numerical example of supplier selection is applied to verify the feasibility and validity of our method. The new method is presented aiming at solving multiplecriteria decision-making problems in which the weights of criteria or experts are described in fuzzy data like linguistic terms or interval data.
Introduction
Multiple-criteria decision-making has wide application in dealing with the comparison of multiple decisions. Because many decision-making projects like supplier selection will inevitably include the consideration of evidence based on several criteria [1] , rather than on a preferred single criterion in real
world. An effective framework for decisions comparison based on the evaluation of multiple criteria is proposed in MCDM. It means that an optimal decision will be made based on comprehensive consideration. Compared with those approaches based on experience and intuition, MCDM is apparently more objective and reasonable [2] [3] [4] .
In realistic situation, selections often proceed under the environment occupied with unknown and uncertain information. As the the complexity of the system grows, the uncertainty of the problems and the fuzziness of human's thinking constantly increase accordingly. Hence, It is difficult for people to judge and distribute the importance of each criterion in MCDM.
Fuzzy sets theory introduced by Zadeh is a good approach to settle with the uncertain information [5] [6] [7] . And it has wide application in MCDM [8] [9] [10] [11] .
Decision making and optimization under uncertain environment is heavily studied [12, 13] . Besides fuzzy sets theory, D-S evidence theory introduced by Dempster and Shafe [14, 15] plays an important role in making decisions under uncertain environment [16] [17] [18] . Due to the efficiency modeling and fusion of information, evidence theory is widely used [19] [20] [21] . D-S evidence theory is also a powerful tool to deal with MCDM problems [22] [23] [24] [25] [26] .
As an effective tool to deal with the fuzzy data, interval number has been widely applied in MCDM. Chen and Chen-Tung(2000) defined a preference relation between each pair of plant locations based on the interval analysis and proposed ranking method to determine the ranking order of all candidate location [27] . Some paper like Janhanshanloo et.al (2006) [28] , Yue and Zhongliang(2011) [29] and Liu et.al(2013) [30] proposed their methods to generate weights of criteria based on interval data. And Deng et.al(2011) [31] converted interval number to a crisp weight based on distance function and proposed a method to combine D-S evidence theory and fuzzy set theory to address MCDM problems.
In this paper, we propose a new method to solve MCDM problems based on the interval data fusion. In our method, interval data is retained during fusion process, which has some appreciable properties. First, interval data reflects the concrete and detailed information of the objects in a great extent.
Additionally, it has some practical applications in some specific situations.
For example, when the system requires the extremely high degree of accuracy we can only employ the lower limiting value and abandon the rest information to make decisions. Second, the weights of criteria or the information sources are allowed to be modeled as fuzzy number. Because we can convert the fuzzy description into interval data based on fuzzy set theory(FST).
This property is quite useful in that not only quantitative data but also the qualitative representation is widely used in the practical decision-making problems. Third, fusing evidence based on interval data conforms with the universal cognition. Crisp data is a special form of interval data(like 0.5 can be seen as [0.5, 0.5]) in a way. In other words, our method is a generalized one of Deng et.al(2011) [31] .
The rest of this paper is organized as follows. The preliminaries of the basic theory employed are briefly presented in Section 2. And then our new fusion method based on interval data is proposed in Section 3. Section 4 takes a numerical example of supplier selection to show the efficiency of the method.
Finally, the paper is concluded in Section 5.
Preliminaries
In this section, some preliminaries such as interval number, fuzzy set theory(FST), Dempster-Shafer theory(DST) and Pignistic probability transformation(PPT) are briefly introduced. Letã andb be two arbitrary positive closed interval numbers. The basic algorithm of interval number is given as follows [32] :
Interval number
between the interval numberã andb. Apparently, the larger ã −b is, the moreã andb differ. Especially, interval numberã equals tob completely when ã −b = 0.
Fuzzy sets theory
Fuzzy set Introduced by Zadeh is an extension of classic set [33] . It is an efficient tool to model linguistic variables.
Fuzzy number
A fuzzy set is any set that allows its members to have different grades of membership in the interval [0,1]. It consists of two components: a set and a membership function associated with it.
Definition 2.2. (Fuzzy set)
. Let X be a collection of objects denoted generally by x, a fuzzy subset of XÃ is a set of ordered pairs [34] : (a,b,c) shown in Fig. 1 . Its membership function is defined as [35] µÃ 
Linguistic variable
Linguistic variable is a variable with linguistic words or sentences in a natural language [36] . It is widely used in practical life and it is one of the most classical fuzzy information. When dealing with situations which are too complex or ill-defined to be accurately described in conventional quantitative expressions, it's convenient and reasonable to do a qualitative description. Generally, each linguistic variable corresponds to a fuzzy set. For example, these linguistic variables can be expressed in positive triangular fuzzy number [37] as Table 1 .
Virtually, the concrete models used to represent the linguistic items are flexible and changeable. To apply which kind of represent method depends on the realistic application systems and the domain experts' opinions. In MCDM problems like supplier selection in Section 4, our method adopted the method which converts the linguistic variable into interval data.
Dempster-Shafer theory of evidence
Dempster-Shafer theory is a mathematical theory of evidence which is used to combine separate pieces of information(evidence) to calculate the belief probability of an event. In a D-S theory reasoning scheme, the set of possible hypotheses are collectively called the frame of discernment Θ, defined as follows [15] :
where n is the number of exclusive and exhaustive elements in the set. Form the frame of discernment Θ, let P (θ) denote the power set composed with the 2 N propositions A of Θ:
where ∅ denotes the empty set. Then a mass function m is defined as m 2 θ ∈ [0, 1] to distribute the belief across the frame meeting the following conditions:
Under these circumstances, the beliefs of the evidence source can only be assigned to non-empty hypotheses and must sum to 1. When the belief is assigned to one hypothesis, the more elements the hypothesis contains, the less information it offers. Especially, a hypothesis containing all the elements means nothing is informative essentially. For the algorithm designed to access evidence, the most significant ability is to combine the evidence from multiple sources. And the crucial process of combining two pieces of evidence from independent sources is fulfilled with the following equation called Dempster's combination rule:
where m Likewise, when the evidence is from j different sources, the rule can be expressed as:
Pignistic probability transformation
Virtually, two levels are classified to describe the beliefs: one is the credal level where belief is entertained. And the other one is the pignistic level where beliefs are feasible to make decisions [38] . The term "pignistic" proposed by Smets is originated from the word pignus, meaning 'bet' in Latin.
Pignistic probability has a wide application on decision-making. Principle of insufficient reason is used to assign the basic probability of multiple-element set to singleton set. In other word, a belief interval is distributed into the crisp ones determined as:
where |A k | denotes the number of elements in the set called the cardinality.
Eq. (12) is also called as Pignistic Probability Transformation(PPT).
Proposed method
In this section, our new method based on interval data fusion is proposed.
In general, a basic MCDM problem can be modeled as follows: For a certain problem, there is a committee of k decision-makers
And for each alternative, n criteria {C 1 , C 2 , C 3 , . . . . . . , C n } are in consideration to make decisions(usually the same criterion is shared). The following is a succinct model proposed by Hwang and Yoon [39] to express MCDM in a matrix format. 
where r mn is the rating of alternative A m with respect to criteria C n which is usually described crisply or fuzzily. In our method, r mn is allowed to be a crisp number or in the form of an interval data. For now, the facing problem is how to acquire r mn .
In the practical, the final aim is often to rank the alternatives and make the best selection. Accordingly, the final scores of every alternative are not cared 
It means that:
1) The hypothesis "the alternative is an ideal solution" is upheld with belief degree from a L to a U .
2) The hypothesis "the alternative is a negative ideal solution" is upheld with belief degree from b L to b U .
3) The hypothesis "the alternative is perceived as a discernment, namely it is likely to be an ideal solution or a negative solution" is upheld with belief degree from c L to c U .
It is worth mentioning that m 1 ({IS, NS}) = 1 − m 1 ({IS}) − m 1 ({NS}).
Hence, it's easy to know that c
For the focal element ({IS}, {NS}, {IS, NS}), there is another way to ex-
When making a decision based on interval BPA, we can fuse the BPA consisting of the lower limitation and the one consisting of the upper limitation into a classical BPA by fusing the left part and right part with 8. In the ultimate, PPT is used to compare the BPA of IS. In accordance with the notion mentioned above, our new method can be stated step by step as follows:
Step 1. Determine the ideal solution and negative ideal solution. And generate the classical BPA of each performance based on the distance between IS and NS.
Step Step 3. Convert the decision makers' weights including crisp data and linguistic items into interval numbers. And then discount the interval BPAs of combined performance (obtained in Step 2) using the interval data to generate the interval BPA of each performance. Combine the interval BPAs of all decision makers' to get the performance of each alternative.
Step 4. Combine the the left part and the right part of the interval BPAs to get the final performance of each alternative.
Step 5. Compare and rank the order of decisions based on PPT and make the best decision.
Numerical example
Supplier selection is a typical MCDM problem where lots of fuzzy information exist. In reality, although managers claims that the quality is the most important attribute for a supplier, they actually choose suppliers based largely on cost and delivery performance [41] . To identify the availability of our new method, the numerical example used in paper [31] is adopted in this section.
The initial condition, such as the classical BPA of each performance and the weights of each criterion as well as the weights of experts are shown in Table   2 .
As shown in Table 2 , there are four criteria, including product late delivery, cost, risk factor and suppliers' service performance detailed as following:
C1: Product late delivery. The delivery process can reflect the service ability of a supplier. It is considered to investigate whether the supplier can supply stable and constant appreciation serve for the enterprise.
C2: Cost. A good price measures quite a lot in reducing cost and increasing the competitive force.
C3: Risk factor. If we want to make long-term cooperation with a supplier, then we must take its risk factor (political factor, economic factor, the reputation, etc.) into account.
C4: Supplier's service performance. Service performance means the sustaining promotion of the product and service(e.g. product quality acceptance level, technological support, information process), which is deemed as the core factor. It should be noticed that the weights are ready interval data. If they are described in the fuzzy linguistic items, we can also convert them into interval data. Table 3 is an example in which the linguistic items and their according interval data differ in different situations. It is one of the remarkable advantages of our method. And the criterion of the value of interval number depends on the experts' opinions. Before applying our method, a flow chart (Figure 2 ) is shown to summarize the whole procedure of applying our method in the supplier selection problem.
Based on it, the detailed processes will be illustrated step by step in the following.
Since the classical BPA of performance is already known in Table 2 , we will implement the following steps of our method to these data in order.
Step 2. Convert the criteria's weights including crisp data(0.5 can be seen as [0.5,0.5]) and linguistic items into an interval number. And then discount the classical BPA using the interval data to generate the interval BPA of each performance. Combine the interval BPA of each criterion to get one In this situation, after simple data processing we can put the weights of criteria into use directly, since all the original weights are in the form of interval data. What we only need to do is to normalize the interval number with the following equation:
where a max is the largest number among all the limitation values of the intervals.
For example, the new weights of DM1's four criteria are as following respectively: 
So the integrated one is expressed as:
with
Let us take DM1's evaluation to C1 of supplier1 as an example: By using the Eq. (17), the rest interval BPA of each performance is listed in Table 4 . Now all the preparation before fusion is completed. Takes decision maker1's evaluation to supplier1 as an example to illustrate the procedure of combining the interval BPA( Figure 3 ).
As the flow chart reveals, an interval BPA is equal to two classical BPAs groups which consists of the left part and the right part of the interval respectively. Then the four BPAs consisting of the left part are fused together based on DST, so do the other groups. The newly obtained two BPAs are (Table 5) .
Step 3. Convert the decision makers' weights including crisp data and linguistic items into an interval number. And then discount the interval BPA of combined performance (obtained in
Step 2) using the interval data to generate the interval BPA of each performance. Combine the interval BPA of all decision makers' to get the performance of each alternative.
Step 3. is similar to Step 2. In other words, the process of Step 3 is nearly the same as the last step essentially. It provides each interval BPA with another chance of applying Dempster-Shafer combination rule to be fused together.
As a result, the BPA of ideal solution can be increased or reduced owing to the proporty of DST, which will contribute to our decision making greatly.
Firstly, Using the same method(using Eq. (13)), the new interval weights of decision makers' reliability can also be obtained as follows: Then, we will use Eq. (18) to get the new interval BPAs. Next those interval
BPAs will be fused like Step 2. Still take supplier1 as an example and get the result in Table 6 . Table 6 reveals the the three evaluation of supplier1 offered by three experts.
After the fusion, we get the final interval BPA which represents the most overall information about suppiler1. Using the same method, all the suppliers' final interval BPA are obtained( Table 7) . The rest steps are to compare these interval BPAs and rank the order to make decision. Step 4. Combine the the lower part and the upper part of the interval BPA to get the final performance of each alternative.
The greatest advantage of using interval data is that it can retain the original information about the performance as much as possible during the fusion process. When it comes to rank the order of suppliers, a classical BPA consisting of crisp number seems to be a more effective means. Hence, we will combine the two parts of the interval BPA into one classical BPA in order to select the best supplier.
Step 5. Determine the final ranking order based on pignistic probability transformation(PPT).
The BPA of discernment (m {IS, NS}) has some effects on the accuracy of making the best decision. To eliminate it, pignistic probability transforma-tion is applied in our method. With the equation as
Bet n {IS} = m n {IS} + m n {IS, NS}/2
the final belief degrees of each supplier are showed in Table 8 . And according to these data, the order is easily ranked as supplier 4 succ supplier 1 succ supplier 2 succ supplier 3 succ supplier 6 succ supplier 5. Apparently, supplier 4 is the best selection. It coincides with the results presented in paper [31] . Furthermore, the final rank order is also coincided with the the left part or the right part of interval BPA, which proves the feasibility and validity of our new method. 
Conclusion
In reality, MCDM problem faces a mass of fuzzy information inevitably. To handle this problem, a new method is proposed based on interval data fusion. The fuzzy data is collected in the form of interval data in our method.
Compared with the original method, our method has remarkable superiority in dealing with the fuzzy information. A supplier selection example is used to illustrate the detailed procedures of our method and the result proves its correctness adequately. Our new method is worthy being taken into consideration when the fuzzy data grow rapidly as the system develops. Furthermore, our method holds quantities of opportunities to apply, especially in the fields like social, economy and so on.
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